We recently surveyed the relationship between the human brain transcriptome and genome in a series of neuropathologically normal postmortem samples. We have now analyzed additional samples with a confirmed pathologic diagnosis of late-onset Alzheimer disease (LOAD; final n ¼ 188 controls, 176 cases). Nine percent of the cortical transcripts that we analyzed had expression profiles correlated with their genotypes in the combined cohort, and approximately 5% of transcripts had SNP-transcript relationships that could distinguish LOAD samples. Two of these transcripts have been previously implicated in LOAD candidate-gene SNP-expression screens. This study shows how the relationship between common inherited genetic variants and brain transcript expression can be used in the study of human brain disorders. We suggest that studying the transcriptome as a quantitative endo-phenotype has greater power for discovering risk SNPs influencing expression than the use of discrete diagnostic categories such as presence or absence of disease.
Introduction
Our hypothesis is that genetic variation driving gene expression is integral to the processes involved in normal and pathogenic aging of the human cortex. In contrast to polymorphisms that change the amino acid sequence of genes, many single-nucleotide polymorphisms (SNPs) that are responsible for changes in gene expression might have more subtle phenotype effects that better explain diseases with complex modes of inheritance, including many diseases of late onset. We have performed wholegenome genotyping and transcriptome-expression analysis on a series of control and neuropathologically confirmed late-onset Alzheimer disease (LOAD) human brain samples to uncover human-cortex expression quantitative trait loci (eQTLs) that are relevant to both health and disease in the aged brain.
eQTLs are genomic sequence variants (as determined by genome-wide SNP analysis) that correlate with geneexpression differences (as determined by transcriptomewide microarray experiments). eQTL studies are similar to traditional genetic-association studies, but instead of associating genetic markers with discrete traits such as disease status, eQTL studies correlate genetic markers with quantitative gene-expression levels. It has been suggested that this could be a powerful and complementary approach to detection of novel risk loci. 1 The outputs from this type of screen are SNP-transcript pairs in which gene expression is correlated with genotype in a dosedependent fashion.
Human genome-and transcriptome-wide eQTL analysis has been employed in the study of diseases such as asthma, cardiovascular disease, hypertension, and obesity with the use of human EBV-transformed immortalized B cell lines (ECLs 2,3,4,5 ), as well as adipose 5 and liver 6 tissue. To our knowledge, other than our screen of control brain, 7 no eQTL studies using human cortical tissues have been published. Recent tissue microarray surveys report that a significant proportion of the human transcriptome is unique to the cortex; 8, 9 therefore, defining the transcriptome-genome relationship in health and disease through the use of brain tissue is crucial for unlocking novel risk loci implicated in neurologic and psychiatric disorders.
Subjects and Methods

Subjects
Our LOAD cohort was obtained concurrent to our control cohort 7 from 20 National Alzheimer's Coordinating Center (NACC) brain banks and from the Miami Brain Bank (see Supplemental Data, available online, for a list of sites). Our criteria for inclusion were as follows: self-defined ethnicity of European descent, neuropathologically confirmed LOAD or no neuropathology present, and age of death greater than 65. We restricted the series to samples with European ethnicity because there are known allele-frequency differences between groups with different ethnicities and these differences might distort our genomic SNP-screen results. Neuropathological diagnosis was defined by board-certified neuropathologists as per standard NACC protocols. Samples that had a clinical history of stroke, cerebrovascular disease, Lewy bodies, or comorbidity with any other known neurological disease were excluded. LOAD or control neuropathology was confirmed by plaque and tangle assessment, 43% of the entire series having Braak staging. 10 Samples were de-identified before receipt, and the study met local human studies institutional review board and HIPPA regulations. This work is declared not human-subjects research and is IRB exempt under regulation 45 CFR 46. We received a total of 1174 tissue samples from the sites that replied to our request. Of those samples,~65% that met criteria were prepared for DNA and RNA. Total sample counts equaled 486 LOAD cases and 279 neuropathologically confirmed controls. Of the plated DNA and RNA, we chose~60% for inclusion in this pilot study. Inclusion at this stage was determined by assessment of RNA and DNA quality through visual inspection on gels.
Genotyping and Expression Profiling
DNA was hybridized to the Affymetrix GeneChip Human Mapping 500K Array Set (502,627 SNPs) as previously described. 11, 12 Genotypes were extracted with the use of both SNiPer-HD 13 and BRLMM (Affymetrix, Santa Clara, CA) algorithms. Genotypes that exhibited less than 98% concordance between calls were excluded. SNPs with call rates less than 90% were excluded from the analysis. HardyWeinberg equilibrium (HWE) was assessed with exact tests and the PLINK analysis toolset. 14 SNPs with HWE exact-test p values less than 0.05, as well as SNPs with minor-allele frequencies less than 1%, were excluded. Allele calls had a mean of 97% and a range of 90%-99%. cRNA was hybridized to Illumina Human Refseq-8 Expression BeadChip (24,357 transcripts) via standard protocols. Expression profiles were extracted and rank invariant normalized [15] [16] [17] with the use of the BeadStudio software available from Illumina, with the Illumina custom error model used. Rankinvariant-normalized expression data were log 10 transformed, and missing data were encoded as missing, rather than as a zero level of expression. Chips with average detection scores less than 0.99 (5% of control chips, 8% of LOAD chips) were excluded from the analysis. Transcripts that were detected in less than 90% of the case or 90% of the control series were excluded from our study. This was a modified criterion from our original report and included 36% of probes on the entire chip. This was done in an effort to enrich for primary effects, particularly in the disease cohort. We assessed correlations between 380,157 SNPs and 8650 transcripts.
Analysis
As in our prior report, 7 we ran the genotypes from our cohort concurrently in STRUCTURE, 18, 19 with seven other populations.
To determine the degree of relatedness between the samples in our cohort, we used the pairwise IBS and IBD calculators available in the PLINK analysis toolset. 14 We plotted sample relatedness data in R, and we used the cmdscale function within the stats package to perform a multidimensional scaling analysis of the matrix of genome-wide IBS pairwise distances. For verification of the reported gender of samples, the sex-check functionality in the PLINK analysis toolset 14 was used. Samples identified as having a gender mismatch or gender ambiguity were excluded from analysis.
Single-Locus Analysis
Prior to our analysis, transcript profiles were corrected for several covariates by use of the R suite of programs. Expression profiles were regressed against the sample data for several biological covariates (gender, apolipoprotein E [APOE; MIM þ10774], allele dose, age at death, and cortical region) and several methodological covariates (day of expression hybridization, institute source of sample, postmortem interval [PMI] , and a covariate based on the total number of transcripts detected in each sample). SNP genotype was not included in this model, because we were interested in covariate correction a priori to running our analysis. All covariates except age at death, APOE 34 allele dose, and postmortem interval were coded as factors for this analysis. All samples had complete information for all covariates except PMI (n ¼ 10 LOAD samples, 1 control sample). Average PMI values were used for these samples.
Residuals from this analysis were employed in the single-locus eQTL analysis. To determine our single-locus eQTL effects, we regressed the expression level of each transcript per sample on the number of minor alleles (0, 1, or 2) for the 380,157 SNPs that met the cutoff criteria. To capture both the effects that were independent of disease status and the eQTL effects in which there was an effect of disease, we included an interaction term for diagnosis in our model. To allow for situations in which the eQTL effect differs between LOAD cases and controls, we performed a two degree of freedom (2 df) test comparing a model in which transcript expression depends on the additive effects of SNP and disease status, together with their interaction term, against a model in which expression depends only on disease status. The main effect of diagnosis was included in the model for prevention of spurious associations occurring when SNP allele frequencies and overall expression levels differ independently between cases and controls. Including the interaction term allows the slope of the regression of expression on minor-allele dosage to differ between cases and controls. Allowing for differences between cases and controls via a 2 df test slightly reduces power for detection of SNP effects that are independent of disease status; however, this method greatly increases power for detection of effects that are disease specific. Furthermore, analyzing the entire cohort together considerably increases power as compared to performing separate tests in cases and controls. Uncorrected p values were retained from this analysis.
Genome-wide significance levels for each transcript were calculated by permutation of the subject labels, allowing for both nonnormality of the transcript data and linkage disequilibrium (LD) among the SNPs. All permutated data sets were generated in the same manner, through randomly permuting sample identifiers in the transcript data (thus permuting all transcripts simultaneously). The replicate data sets were analyzed in the same way as the real data. Permutation analysis was performed on the Translational Genome Research Institute's IBM System Cluster 1350, which contains a total of 1024 computing nodes and is housed on the Arizona State University campus.
To capture the relative contributions of our case and control cohorts to the effects recovered in our 2 df model, we performed individual analysis on each series. We analyzed the same model without the diagnosis interaction term separately in cases and controls. Significance of effects was not determined in this modeling; therefore, permutation corrections were not performed. The correlation coefficients from these analyses were extracted with the use of the linear modeling (lm) functionality in R. The adjusted correlation coefficients (r Fisher's exact tests 20 were employed for assessing associations between SNPs and diagnosis status without considering expression profiles. These were implemented in PLINK 14 and should correct for cases in which the allele frequencies of tested SNPs are sufficiently small as to make a chi-square test inappropriate.
To determine whether known SNPs mapped to the transcript probes, thus creating a possible false positive through non-biologically relevant differential hybridization, we used the Hapmap CEU data. Hapmap SNPs that were variable in the CEU cohort were mapped with respect to the transcript probes. LD was determined by the r 2 statistic, and the r 2 values between the significant SNP within our screen and the SNP within the probe from the CEU Hapmap data set were annotated within our results. It is presumed that SNP pairs with higher LD are more likely to be putative false positives if it is true that single SNP changes can affect the hybridization of the 50-mer transcript probes on the Illumina chips in a way that is not biologically relevant. However, all data are reported, because we have not made an independent assessment of the SNP-within-probe effect.
Network Analysis
We incorporated both transcripts that were significantly associated with allele dosage and those that were differentially expressed between LOAD cases and controls in our analysis. Our eQTL data set was defined as transcripts with a SNP-transcript correlation p value % 0.01 after 1000 permutations and a SNP effect that was not in LD (r 2 R 0.8) with a polymorphism in the probe. Our differentially expressed data set was defined as transcripts identified through significance analysis of microarrays (SAM 21 ) with a false discovery rate (FDR) < 1%. We used HQCUT 22 to form the networks from residual corrected transcript data, the Database for Annotation, Visualization and Integrated Discovery (DAVID) 23, 24 to map gene ontologies to the clusters found by HQCUT, and the Network Edge Orienting program (NEO) 25 to incorporate SNPs into these networks. We determined hub genes by examining the distribution of the number of links per gene (n ¼ 1697). The cutoff level for hub genes was determined by the following formulae: Cutoff threshold ¼ m þ (2 3 S), in which m is the mean number of links and S is the standard deviation.
Assessment of Disease-Specific Effects
We wanted to assess whether profiling a specific neuropathological disease was important in our recovery of new effects or whether these findings were simply a result of the increase in power through the doubling of our sample size. This is an important distinction, because for some diseases it might be difficult to sample from individuals with disease profiles; thus, knowing whether disease effects can be captured in nondisease tissue is important. To test this, we created a bootstrap control sample with 364 subjects by using R to sample the genotype and covariate data from the control portion of our data set with replacement and introducing a small amount of random variation (smoothed bootstrap). We used PLINK 14 to evaluate the association between the minor-allele dose of each SNP and the transcript-expression level in the bootstrap sample, using the same 2 df model that we employed in the original analysis. Only SNP-transcript pairs that were significant (2 df test, a ¼ 0.05) in our original analysis were analyzed, and these were stratified on the basis of those that had a significant interaction p value (interaction term a ¼ 0.05, n ¼ 665) and those that did not (interaction term a > 0.05, n ¼ 1820). We then evaluated the proportion of SNP-transcript pairs that were detected in the LOAD and control data set and could be detected in the bootstrap control sample. Replication A portion of our SNP-transcript effects were replicated in our entire series through Taqman real-time PCR. 26 Multiplex single-tube rela- 
Results
Sample Table S1 gives all sample information. Two LOAD samples (WGAAD-75 and WGAAD-270; see Figure S1 ) were found to be ethnic outliers and were excluded from our analysis. Samples were also screened for assessment of whether they had some degree of relatedness, and all LOAD samples were found to be unrelated. The following samples were removed from the analysis because their genetically predicted gender did not match their reported gender: WGACON-105 (reported female appears to be male), WGACON-108 (reported male appears ambiguous), WGA-CON-212 (reported male appears ambiguous), WGAAD-252 (reported male appears to be female), WGAAD-465 (reported male appears to be female), and WGAAD-479 (reported female appears to be male). Our total cohort included 364 human brain tissue samples; 176 LOAD cases and 188 controls after all exclusions. Assessment of the expression profiles in the LOAD cohort found that approximately 58% of the transcripts on the Illumina Human RefSeq-8 Chip were expressed in at least 5% of our LOAD cohort. This is the same portion of the transcriptome that was found expressed in brain in the control series, suggesting that there is not a major skew in our LOAD-series profiles. Figure S2 graphs the portion of significant transcript effects (uncorrected a ¼ 0.05) for each covariate in both the LOAD and the control cohorts. Note that our largest effects were with hybridization date (methodological covariate) and APOE status (biological covariate), other covariates having less of an effect. PMI was the covariate that had the smallest effect on our data.
Single-Locus Analysis
Cis effects and trans effects were defined as described previously; 7 cis associations were those that involved SNPs within 1 Mb of the 5 0 end of the gene or 1 Mb of the 3 0 end of the gene and within the gene. This criterion was utilized for consistency with our previous study. From a practical perspective, it means that for each transcript, 1% of the genome is defined as cis and 99% as trans. It is important to note that all analyses were performed genome-wide, such that all SNPs irrespective of location were run against each transcript and permutations were performed to obtain genome-wide significance. Thus, for any of our SNP-transcript pairs, other definitions of cis versus trans localizations can be applied, because our significance calculations do not rely on distance.
After correction with 1000 permutations, approximately 9% of the transcripts showed a genome-wide significant correlation with SNP genotype in the combined sample of cases and controls (p % 0.05, 1000 permutations). We identified 1829 SNP-transcript pairs with effects in cis in the total cohort and 656 trans pairs, in which the SNP mapped greater than 1 Mb from the 5 0 or 3 0 end of the gene. We found that 27% of all eQTL had a significant interaction with diagnosis. For each phase of our study, 37% of cis LOAD-interacting candidate transcripts in this screen overlap with those found in our first report, which considered only control brains. 7 The overlap with a large subset of candidates found in the analysis of disease-free controls suggests that end-stage neuropathological tissue does not create a bias in expression profiling and that contributions stemming from signal degradation and potential sampling differences are minimal. This also suggests that within our study, several of the SNP-transcript LOAD effects are risk factors, much like the APOE E4 allele, and appear in a portion of controls. For these effects, we assume that within LOAD, there are additional environmental or unassessed biological risk factors that cause predisposition to LOAD. There is an 18% overlap with our previous report considering both cis and trans results with no interaction with diagnosis, and there is a 9% overlap with our previous report considering all results with a positive interaction term. Figure 1 plots the Àlog of the uncorrected p value (Àlog (p value)), the b values (slope), and the adjusted correlation coefficients (adjusted r 2 ) versus distance from the transcription start site (TSS) for all of our cis effects. Many of our cis effects mapped far downstream or upstream of the TSS ( Figure 1A) . Although it is possible that there are regulatory elements that act over such long distances, finer mapping will need to be performed for determination of the extent to which they are true effects and of the extent to which they reflect LD in these regions. In Figures 1B and  1C , it is of note that the size of effect is inversely proportional to the distance from the TSS, as measured by either the proportion of variance explained ( Figure 1B ) or the slope ( Figure 1C ). This suggests that it is probable that true effects map close to the TSS. We found approximately as many cis negative correlations (minor allele is high expresser) as cis positive correlations (major allele is high expresser), greater differences being found between the alleles mapping closer to the TSS (see Figure 1C) . Table 1 lists the top eQTL results in which there was a significant interaction with diagnosis, and Table 2 lists the top eQTL results in which there appeared to be no diagnosis effect. All results are listed in Tables S5 and S6 . Although each SNP-transcript pair is unique to either the LOAD-interacting data set ( Table 1, Table S5 ) or the noninteraction data set ( Table 2, Table S6 ), some of our transcripts overlap between these lists. For our top results in Tables 1  and 2 Table 2 (no interaction). To investigate why this overlap is occurring, we examined the SNPs mapping to these transcripts and found two effects. In the first case, the main effect appears to be with diagnosis, but some SNPs just missed our cutoff for having a significant interaction term (a ¼ 0.05). For SNPs in ABDH12, ANKRD27, KIAA0980, and KIF1B, as the LD between the main-effect SNPs in Table 1 and the additional SNPs in the gene gets weaker, the significance of the interaction term erodes until it slips below our a ¼ 0.05 cutoff, causing these subthreshold lower-LD SNPs to occur in Table 2 . In the second case, for the transcripts PPA2 and PPIL3, there are actually separate LD blocks that both contain eQTL SNPs, but only one of the blocks has a significant interaction term. In this situation, two separate eQTL effects are observed for the single transcript, and only one of them has a significant interaction with LOAD. This effect is biologically plausible in that SNPs in each block might be changing different transcription-factor binding sites, one of which is implicated in LOAD risk and the other of which is not.
Network Analysis
In our original report, each transcript was treated as a single unit and run against the SNP profiles for the entire genome. This type of analysis does not consider the interdependence of transcript profiles or the network of effects that might occur within the human brain. To capture this additional information, we performed an initial network analysis of a subset of our eQTL transcripts. For this analysis, we also included transcripts for which there was no correlation of expression with genotype but was a significant difference in transcript expression between cases and controls. This would help in determining whether there were additional effects of our eQTL on downstream expression that were relevant to disease and would not be captured in a single-locus analysis.
Of the transcripts we used for our network analysis, 27% were significantly correlated with minor-allele dose (eQTL data set defined by 1000 permutations, a ¼ 0.01). The remaining transcripts were included because they were defined as being differentially expressed through significance analysis of microarrays (SAM 21 ) with an FDR cutoff % 0.1% (differentially expressed [DE] data set). The HQCUT algorithm recovered nine clusters in this data set. Ten transcripts did not cluster within the network. These transcripts were all from our eQTL data set. Figure 2 shows the resulting adjacency matrix. Table 3 gives summary statistics for each cluster, including the major ontology group mapped with the DAVID annotation for each cluster. 23, 24 The full list of top ontology keywords for each cluster is given in Tables S2A and S2B . Several of these ontology groupings matched results from previous LOAD-expression-only screens. 28 To further assess our network, we examined whether any transcripts within the network had an overrepresentation of links to other transcripts (''hub genes''), suggesting that they were controlling many downstream effects. The essential nature of hub genes has been demonstrated within studies using yeast. 29 In our data set, the mean number of links in our network was 56 and the standard deviation was 38.78; thus, our cut off was 134 links, which is indicated in Figure S3 . Within our eQTL and DE network, there were 62 hub genes, which are shown in Table 4 . This table shows the list of transcript-SNP pairs that had transcript-specific empirically significant p values by our 2 df model and where there was a significant diagnosis interaction term. Listed is a subset of the effects, generated from the full list of associated transcript-SNP pairs (Table S5) . Criteria for generation of subset includes: transcript-specific 2 df model empirical p value from 1000 simulations % 0.05, geneexpression detection rate within both cases and controls R 99%, SNP call rate R 99% overall, minor-allele frequency R 5% in cases and controls, no LD between eQTL SNP and any polymorphism in probe (r 2 < 0.8), and SNP accounting for 12% or greater of the variance in transcript expression in either cases of controls (adjusted r 2 in cases or controls R 0.12). Genes are listed in alphabetical order. All data are also represented in Table S5 Further examination of our network analysis found that proportionally, most of our eQTLs were located in clusters 5 (44%), 2 (42%), and 3 (40%). Thirty-four percent of cluster 2 transcripts had a significant interaction with diagnosis with at least one SNP, a higher proportion than any other cluster (see Table 3 ). From at our list of hub effects (see Table 4 ), 6% of LOAD eQTL transcripts in cluster 2 had greater than 134 genes linked to them, a greater portion of hub transcripts than in any other cluster. Thus, for clarity in this preliminary report, we focused on cluster 2; however, all data are available for analysis on the additional clusters (see Web Resources). To analyze this cluster, we used the program NEO. 25 We used SNPs to anchor the edges of the network and infer causal relationships between pairs of coregulated transcripts. A portion of the resulting network is diagrammed in Figure 3 .
Taqman Replication of Effects
For our data sets, we have replicated several effects via other methodologies. First, within these samples, we had previously shown that expression of the Microtubule-Associated Protein Tau gene (MAPT [MIM þ157140]) is affected by SNPs mapping to the gene, by using qRT-PCR. 30 Analysis of our data from the genome-wide screen is consistent with our previous data on these samples, in that alleles that occur on the major haplotype of MAPT (H1) are associated with higher Tau transcript expression. This provides an internal positive control within our full-genome screen in that looking genome-wide, we can find effects that we have seen in candidate-gene analysis of our samples. Additionally, we have replicated our SNP-transcript-diagnosis relationship for ITPKB and rs12125724 (Dunn-Sidák-adjusted 2 df test p value ¼ 2.76 3 10
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) by using Taqman assays and the same model that we applied to the whole-genome and transcriptome data; however, for DKFZp566B133 and rs9309291, our Taqman analysis results did not survive multiple testing correction.
Candidates-cis eQTL
In terms of LOAD-specific effects, two LOAD candidategene studies have been performed, examining SNP variation and gene expression. We have replicated both of these results; however, more work clearly needs to be done in independent series for determination of whether a greater portion of our results replicate. In the first candidate study, Lambert et al. 31 examined the Transcription Factor CP2 gene (TFCP2/LBP-1c/CP2/LSF [MIM 189889]) and found that a SNP within the 3 0 UTR of the gene had a genetic association with LOAD risk. Additionally, this report examined expression in lymphoblasts from patients genotyped for the 3 0 UTR polymorphism and found that absence of the A allele at this site was associated with a lower transcript expression. In our screen, although we did not obtain a significant association by considering only SNP genotypes localized to this gene, we did obtain a significant eQTL effect when considering expression in combination with genotype and diagnosis. This table lists transcript and SNP pairs that had transcript-specific empirically significant p values by our 2 df model and where there was a nonsignificant diagnosis interaction term. Criteria for selection of the subset is as described in Table 1 , except that the SNP had to account for greater than 20% of the variance in transcript expression in either cases or controls. The full data set is available in Table S6 . All headers are as described in Table 1 .
Our second LOAD hit that has been implicated in prior studies is the glutathione-S-transferase (GSTO 2 [MIM 612314]) locus on chromosome 10q. This gene maps within a linkage peak found in many family-based LOAD linkage screens (for meta-analysis, see Hamshere et al. 32 )
and thus was studied as a LOAD candidate gene by Li and colleagues. 33 Their approach was slightly different than a standard eQTL, in that they did not map expression profiles directly in the linkage pedigrees but instead performed expression profiling on separate samples and then looked for differentially expressed genes that mapped within linkage peaks and followed those candidates. They found associations with SNPs both in GSTO 1 (p ¼ 0.007 [MIM 605482]) in and GSTO 2 (p ¼ 0.005), both of which are tightly linked on chromosome 10, but only GSTO 1 was differentially expressed. We did not see a significant eQTL result with GSTO 1, and our analysis examining only expression failed to detect differential expression at this locus. We did see a GSTO 2 effect that had a significant interaction with diagnosis. Running the GSTO 2 Illumina Chip hybridization probe through Blat to determine whether there was cross-talk between GSTO 1 and GSTO 2 with respect to our hybridization signal yielded a single hit in the entire genome, mapping specifically to the 3 0 UTR of GSTO 2. Given that the Li et al. study expression profiling was performed in a separate cohort that was just 3% of the size of this one (n ¼ 6 LOAD, 2 control brains) and that we performed our expression and genotyping using the same cohort, we feel that it is likely that the true effect at this locus on chromosome 10q is with GSTO 2. This speaks to the power of examining both expression and genotypes in the same cohort because correlations will detect linear relationships with gene dosage, a method more powerful and accurate than simply looking at gene expression alone. Additionally, trans effects will be captured only by examining the relationship between SNPs and expression together and will be missed if SNPs and transcripts are assessed as separate data sets. Finally, in both our control screen and our analysis of the entire cohort, we replicated a result from one of the first published eQTL screens using EBV-transformed lymphoblasts from the Centre d'Etude du Polymorphisme Humaine (CEPH) cohort. 34 This study, using different platforms for whole-genome and transcriptome analysis than those used in our analysis, found one transcript that had a similar cis association. This transcript was ribosomal protein S26 (RPS26 [MIM 603701]), which encodes a ribosomal protein that is a component of the 40S subunit. For RPS26, Cheung and colleagues reported significant association with marker rs2271194, which is in complete LD with two out of our six associated SNPs. This replicated result suggested that this SNP-transcript pair is unlikely to be a false positive. Additionally, two more recent screens have also found an effect with RPS26, further validating the result. 2, 6 One of those studies, using human liver samples, has implicated RPS26 in diabetes pathways, 6 and we have found it to have a significant interaction with diagnosis in our screen. These observations suggest that the function of ribosomal proteins might not be limited to stability and efficiency of the ribosome. Ribosomal proteins may participate in the regulation of specific transcripts or families of transcripts being processed by the Figure 2A shows the adjacency matrix for our HQCUT network analysis. Modules in this figure are labeled c1-c9. Genes are listed by map number (1-1697) that was assigned during the clustering procedure and is arbitrary. Dots represent inter-and intramodule relationships between transcripts. Figure 2B shows the number of transcripts per cluster.
ribosome, and many of those might be integral to disease processes. 35 
Candidates-trans eQTL
Although it is more difficult to capture validated trans effects because of the fact that there are no distance limitations placed upon their discovery, some trans effects are likely to be real and of great interest for disease. Conceptualization of how trans effects could occur is less obvious than that of cis effects, but it is important to remember that our screen captures only the expression profiles of poly-A tailed mRNA. Thus, trans effects could be occurring because the trans SNP is affecting an intermediary (such as miRNA) that we have not captured within our screen. Another possible scenario is that trans effects occur though interchromosomal relationships in transcription of mRNA. Nunez and colleagues used chromatin-conformation capture to demonstrate that interchromatin pairing of disparate DNA sequences (in their example genes on chromosomes 21 and 2) is a common feature of estrogen receptor-a-mediated transcription. 36 Thus, there could be direct action of trans SNPs on target transcripts located on different chromosomes. Our network analysis is informative for assessing the trans effects in our screen. In our preliminary analysis we focused on cluster 2, because this cluster contained the highest proportion of transcripts that had LOAD eQTL relative to the other clusters. Within this network, the main effects were with the transcript C6orf29 (171 links total, 58 links within cluster 2, accounting for 90% of the cluster [OMIM 606107]) and the SNP rs9309291 (significant effect with 63 transcripts; all effects had a significant interaction with diagnosis, and ten of those transcript mapped to cluster 2). C6orf29 is a member of a family of three transporters, one of which was cloned because of its ability to suppress a yeast choline transport mutation. 37 Although currently the best LOAD biomarker is betaamyloid (for review see study by J. Hardy 38 ), it has been proposed that cholinergic systems are involved in Alzheimer disease. 39 It is known that cholinergic neurons are particularly susceptible to Alzheimer disease pathogenesis, further implicating this network in the pathogenesis of LOAD. Thus, C6orf29 is a putative trans target in our screen.
Discussion
We have performed a genome-and transcriptome-wide screen to assess the downstream effects of risk variation for LOAD on mRNA expression. The importance of work and data is clear. First, by focusing on a quantitative endo-phenotype (expression) as opposed to a discrete phenotype (diagnosis), we have considerable power to detect subtle regulatory effects in a relatively small cohort. Statistical calculations have predicted that sample sizes on the order of 100 are sufficient for 80% power for eQTL studies. 40 This is an order of magnitude less than that predicted for genome-wide association studies (GWAS). 41 We can clearly see this by comparing this current analysis to our previous GWAS. 11 The cohort in this report was a part of our larger GWAS sample and is approximately one-quarter the sample size of that report (n ¼ 1411 in Reiman et al., 11 364 samples in this study). In our GWAS screen with an unstratified analysis, our only result after correction for multiple testing was with APOE. 12 With rank ordering of our uncorrected GWAS p values, it is of note that 6% of our permutation-corrected eQTL SNPs fall within the top 5% of our uncorrected GWAS effects. Given that these effects were statistically significant in the smaller eQTL cohort but not in the larger GWAS screen, eQTL quantitative analysis might be more powerful for detection of expression effects than discrete trait analysis. Of course, this does not obviate the need for large GWAS studies, because our approach would not capture coding changes or other types of risk variants not associated with changes in expression; however, it is clear that eQTL approaches in smaller cohorts can capture regulatory risk effects that would be found only in GWAS screens of considerably larger size. Second, assaying the tissue relevant to the disease of interest is crucial. Expression studies profiling different 
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Shown are the proportion of transcripts, out of the total number of transcripts networked, that map to each cluster (Total), that had a significant (corrected p value < 0.05 after 1000 permutations) correlation with allele dose (eQTL), and that had significant interaction term in the 2 df model (LOAD). Top processes were defined as ontology groups that had the lowest p value within the annotation cluster with the highest enrichment score. The exception to this definition is indicated by an asterisk; for clusters 1 and 4, all of the ontology groups within the top enrichment-score bin were the same for these two clusters (see Table S2B for ontology groupings in this set). Therefore, for these clusters, top processes are listed within the next most significant grouping of ontologies. Enrichment scores (Score), numbers of transcripts within the top annotation cluster (Count), and p values for the EASE scores for each process (p Value) are given. Table S2A lists all top ontologies for each cluster.
human tissues have shown that the human brain transcriptome is unique. 8, 9 Additionally, recent eQTL work examining phenotypes involved in body mass found that there was an order of magnitude difference between the effects that they found by transcriptome sampling in blood verses adipose tissue, many more significant traits being found in adipose, their tissue of interest. 5 We are focused on neurodegenerative disease; therefore, we have sampled brain tissue.
A possible argument could be put forth that postmortem tissue does not have relevance for disease in living subjects; however, recent in vivo work profiling MAPT in human cerebral spinal fluid and examining the relationship between Tau levels and MAPT genotype has recapitulated our findings in postmortem samples, 30, 42, 43 suggesting that postmortem findings are relevant to in vivo disease processes. This last point is crucial, because these eQTL targets could be the next generation of biomarkers. eQTL biomarkers have the added benefit of not only being molecular but having mapped genotype profiles, which might be easier to assay than a molecular marker. Identifying biomarkers that could further classify preclinical subgroups and identify subclasses of rapid converters would help significantly reduce the cost of drug trials. Third, by coupling SNP variation with changes in expression, we are able to map the neurobiological consequences of our genetic findings. We began this screen because we were frustrated with our own and others' efforts in mapping novel risk factors for late onset Alzheimer disease. As of 2006, 355 additional candidate genes for LOAD have been examined. 44 Of the subset of genes providing enough information for meta-analysis, only~20% had variants that replicated. The majority of the replicated risk variants were noncoding; thus, the biological consequences of those changes are unknown. We felt that examining downstream functionality of putative risk variants would help in distinguishing between true risk variants and those that were merely markers of disease. Clearly, our efforts have had some success, in that we are able to distinguish the genetic effects of GSTO 2, the true risk gene, from GSTO 1, which most likely associated with risk only because of high LD. Fourth, although not crucial for detection of all effects, it was important that our study sampled disease tissue. In this study, over half the LOAD-associated effects that we detected were not seen in our screen using control tissue. 7 This could be due to differences in power between the first screen and our second screen, which was approximately double the sample size; however, there is the possibility that there are effects specific to disease tissue. To examine these outcomes, we performed a bootstrap analysis to create from the control cohort data a data set that was equal to the total cohort sample size in our LOAD screen (n ¼ 364). Comparison of the permuted control data set to our entire cohort showed that there were few differences in the profiles of the two samples (see Table S3 ). We then tested whether within this larger control cohort we could detect our LOAD effects. We stratified the results into those that had a significant interaction term in our 2 df model (LOAD set n ¼ 665, a ¼ 0.05) and those that were significant for allele dosage but did not have a diagnosis effect (non-LOAD set n ¼ 1820, a ¼ 0.05). The bootstrap sample captured all of the non-LOAD set effects at an a ¼ 0.001 and 95% at an a ¼ 1 3 10 À7 , which was the minimum p value that is able to survive the permutation correction. We were able to detect a much smaller portion of the effects with a significant interaction term, capturing only 66% of the LOAD set at an a ¼ 0.001. Results are shown in Figure 4 and Tables S3 and S4 . This suggests that mapping disease-associated regulatory loci is more efficient and effective if the sampling cohort includes samples with known disease phenotypes; however, it is of note that we did capture LOAD effects in control tissue; thus, for preliminary screens, disease phenotypes might not be an issue. Finally, the full public release of these data constitutes a resource to the community of researchers working on this prevalent and devastating disease. The data files and sample information used in generating the analysis for this paper are available at the website of A.J.M. Additional genotype files are available at the Translational Genomics Research Institute website. Additional expression data and information have been deposited in NCBI's Gene Expression Omnibus (GEO GSE15222). DNA from the samples employed in this screen is available on request through the National Cell Repository for Alzheimer's Disease for fine mapping of particular effects.
Supplemental Data
Supplemental Data include Supplemental Acknowledgments, three figures, and four tables and can be found with this article online at http://www.ajhg.org/. Figure 3 . Cluster 2 C6orf29 Network Diagrammed in the figure are the predicted transcript relationships given from our analysis using NEO 25 to impart directionality on the transcript-transcript correlations that we predicted from HQCUT 22 for the transcripts in cluster 2. For clarity, only transcripts that had correlations with SNP genotype and an interaction with C6orf29 are listed (25% of cluster 2). In the figure, SNP-transcript relationships are given by dashed arrows and transcript-transcript relationships by solid arrows. Transcripts are indicated by circles, gray circles indicating transcripts where there was a significant interaction with diagnosis in the eQTL analysis and white circles indicating no significant interaction term. Bidirectional arrows indicate a feedback loop between the two transcripts analyzed as predicted by NEO analysis. Bidirectional arrows divided by black circles indicate that NEO predicted an unmapped hidden confounder in the analysis of the relationship between the two transcripts. The proportion of effects that we could detect from our current study, utilizing brains from LOAD cases and nondemented controls, in a sample of equal size (n ¼ 364) generated by bootstrapping our control data is plotted. The alpha cutoff is plotted on the x axis and the proportion of effects detected is on the y axis. The proportion of eQTLs detected of those that showed a significant diagnosis interaction (a ¼ 0.05 for the interaction term in our 2 df model) is shown by the filled circles and solid line. The proportion detected of those that did not have a significant diagnosis effect (interaction term p value R 0.05) is shown by the open circles and dotted line. Counts and alphas used to generate this graph are given in Table S4 .
